Background: Biologic age may better reflect an individual's rate of aging than chronologic age. Methods: We conducted a transcriptome-wide association study with biologic age estimated with clinical biomarkers, which included: systolic blood pressure, forced expiratory volume at 1 second (FEV1), total cholesterol, fasting glucose, C-reactive protein, and serum creatinine. We assessed the association between the difference between biologic age and chronologic age (∆age) and gene expression in whole blood measured using the Affymetrix Human Exon 1.0st Array. Results: Our discovery sample included 2,163 participants from the Framingham Offspring cohort (mean age 67 ± 9 years, 55% women). A total of 481 genes were significantly associated with ∆age (p < 2.8 × 10 −6 ). Among them, 415 genes were validated (p < .05/481 = 1.0 × 10 −4 ) in 2,946 participants from the Framingham Third Generation cohort (mean age 46 ± 9 years, 53% women). Many of the significant genes were involved in the ubiquitin-mediated proteolysis pathway. The replication in 414 Rotterdam Study participants (mean age 59 ± 8, 52% women) found 104 of 415 validated genes reached nominal significance (p < .05). Conclusion: We identified and validated 415 genes associated with ∆age in a community-based cohort. Future functional characterization of the biologic age-related gene network may identify targets to test for interventions to delay aging in older adults.
Adults aged 65 years and older are the fastest growing demographic in the United States, and are projected to grow to 74 million or nearly 21% of the U.S. population by 2030 (1) . Advancing age is the major risk factor for multiple chronic conditions comprising leading causes of death in this age group, including cardiovascular disease, type 2 diabetes, cancer, and Alzheimer's disease (2, 3) . There is growing interest in identifying interventions that target aging and aging-related morbidity with the goal of increasing the number of years spent in good health, which in turn would have major economic implications (4) . A challenge in designing intervention studies focused on aging is defining the study outcome(s). One potential approach is to define relevant measures of biologic age (5) .
Biologic age is a measure of individuals' predicted age based on biomarkers. Biologic age can be estimated using clinical biomarkers readily available in physicians' offices. Even in young healthy adults, biologic age varies among persons of the same chronologic age (6) and in older adults biologic age predicts mortality better than chronologic age (7) . Biologic age has been proposed as a measure of physical resilience, with opportunities to further our understanding of how genetics, health behaviors, the environment, and psychosocial factors influence individuals' ability to recover from stressors (8) . Broadening knowledge of the biologic mechanisms promoting accelerated aging or low physical resilience may lead to effective interventions including drug therapies to delay aging that may have important clinical and public health implications.
Biologic age estimated from clinical biomarkers in our community-based sample of older adults was associated with overall mortality and age-related disease even after accounting for risk factors (9) . The objective of the present study was to assess the association of genome-wide gene expression with biologic age in participants from the community-based Framingham Heart Study to identify genes and molecular mechanisms underlying the regulation of human aging.
Methods

Study Sample
The Framingham Heart Study Offspring cohort participants were enrolled in 1971 to 1975, and have been examined every 4-8 years since. Research examinations consist of a physician administered medical history, resting blood pressure, laboratory assessments, various noninvasive cardiovascular measures, and lung function testing. Offspring participants eligible for the present study attended examination 8 (2005-2008 , n = 3,021) and provided blood samples for gene expression assessment. Participants were excluded if data were missing to construct the measure of biologic age (n = 471) or gene expression data were not available (n = 387) leaving a final study sample of 2,163. The study was approved by the Boston University Medical Center Institutional Review Board, and all the participants provided written informed consent.
Clinical Biologic Age
We estimated biologic age using a subset of six clinical markers that have been used in prior reports and that represent different physiologic systems: systolic blood pressure, forced expiratory volume at 1 second (FEV1), total cholesterol, fasting glucose, C-reactive protein, and serum creatinine. Systolic blood pressure was computed from two physician obtained seated measurements. Routine blood tests were performed on fasting morning samples. FEV1 was collected by trained technicians according to American Thoracic Society standards using a Collins Comprehensive Pulmonary Laboratory system (Collins 2000 Plus).
We used the Klemera and Doubal method (10) to compute biologic age because this algorithm showed better performance than other methods for computing biologic age in both estimation precision (10) and predictive ability (7) . We defined Δage as biologic age minus chronologic age so that individuals with Δage>0 are biologically "older" than their chronologic age, whereas individuals with Δage<0 are "younger" biologically than their chronologic age. Clinical Δage was not correlated with chronologic age, and was associated with mortality and incident age-related disease in our sample (9) .
RNA Extraction and Gene Expression Profiling
Gene expression profiling of Framingham Heart Study participants has been previously described (11, 12) . RNA was extracted from fasting whole blood samples using PAXgene blood tubes (PreAnalytiX, Hombrechtikon, Switzerland) according to the manufacturer's standard operating procedures. Total RNA was then reverse-transcribed into cDNA and amplified using the WT-Ovation Pico RNA Amplification System (NuGEN, San Carlos, CA). The amplified cDNA was hybridized to the Affymetrix Human Exon 1.0 ST Array (Affymetrix, Inc., Santa Clara, CA). We used Robust Multiarray Average (13) to summarize signal intensities. The annotation for each transcript was obtained from Affymetrix NetAffx Analysis Center (Release 31). A total of 17,873 distinct RefSeq transcripts (17,562 unique genes) were included for downstream analysis.
Given that whole blood contains a variety of cell types, and the gene expression from whole blood could be affected by the proportion of different cell types, we adjusted for the proportion of different cell types. Cell counts were measured in 2,181 participants from the Third Generation cohort, including white blood cells, red blood cells, platelets, neutrophils, lymphocytes, monocytes, eosinophils, and basophils. The cell counts for the remaining participants were imputed from the measured cell counts based on the gene expression data (12) . The percentages of each imputed cell type were then normalized, where the negative predicted values were set to 0 and the sum of the percentages for all cell types was set as 100%.
Statistical Analysis
Linear mixed effects models were used to test associations between clinical ∆age and gene expression, with clinical ∆age as the exposure variable and gene expression as the dependent measure. Family relatedness was treated as a random variance-covariance factor in the models. Our primary models were adjusted for age, sex, cell counts, and technical covariates. Our secondary models were additionally adjusted for body mass index and smoking status as concerns about whether biologic aging may reflect obesity have been raised (14) . All the analyses were performed using the "kinship" R package (www.r-project.org/). We used the Bonferroni correction to account for multiple testing; significant transcripts were defined as those with p < .05/17,873 = 2.8 × 10 
Validation Sample
We conducted validation of the discovery results in the Framingham Third Generation (Gen 3) cohort participants. Gen 3 participants with at least one parent in the Offspring cohort were enrolled in 2002 and have undergone examinations every 6-8 years. Participants who attended examination 2 (2008-2011) , provided a blood sample for RNA extraction and gene expression profiling (n = 3,180) (12) and had all components measured at exam 2 to construct biologic age (n = 2,946) were eligible. The Gen 3 participants were on average 20 years younger than the Offspring participants and due to the family relation between the two cohorts are not considered a completely independent sample.
Replication Sample
The Rotterdam Study 3 conducted peripheral blood gene expression profiling using PAXgene tubes to isolate and stabilize RNA and the Illumina HumanHT-12 v4 Expression BeadChip Kit; 15,639 unique genes were available after exclusions. Biological age was constructed using the Klemera-Doubal method with the same six clinical biomarkers used in the Framingham Offspring. Linear mixed effects models were used to text each probe (outcome) in the microarray data with ∆age (exposure) as in the Framingham Heart Study Offspring cohort sample. Due to differences in the array technologies between the two studies, not all significant transcripts/genes in Framingham were available to test for replication in Rotterdam.
Pathway Analysis
We examined the enrichment of genes related to clinical ∆age in biological pathways. KEGG pathways were queried, and Fisher's exact test was used. The pathway analysis was performed using WebGestalt (15), a web-based pathway analysis tool. The default minimum pathway size 5 was used because pathways of small size are unlikely to be significant. Significant pathways were defined as those with false discovery rate (16) less than 0.05.
Network Analysis
We performed network analysis to examine the interaction between biological age-related genes using a dense module searching strategy (17) . Gene interactions were obtained from the PINA database v2.0 (18) (nonhuman interactions were excluded). Each studied gene was assigned a score to indicate its association with clinical ∆age, which was equivalent to the absolute value of Wald test statistic from the association test. The most significant genes were defined as the seed genes. For each of the seed genes, we created a module that initially contained only the gene itself. Then we tried to expand the module by including neighboring genes that were previously reported to interact with the gene already in the module. The overall score 
Enrichment Clinical ∆age-Related Genes in Methylation Genes
DNA methylation is an important mechanism to regulate gene expression. We thus examined if there were any CpG sites within clinical ∆age-related genes that also were associated with clinical ∆age. The Framingham DNA methylation data have been previously described (20, 21) . In brief, fasting peripheral whole blood was collected during the Offspring cohort examination 8. Genomic DNA was extracted from the blood and bisulfite-treated, which was then hybridized to the Infinium HumanMethylation450 BeadChip (Illumina, San Diego, CA) (22) . The R package "DASEN" (23) was used to normalize the raw data and correct for the background noise. More than 400,000 CpG sites remained after quality filters, and were used for the association test with clinical ∆age. We defined significant CpG sites if they were associated with clinical ∆age with p < .05/N, where N was the number of CpG sites within the tested genes. A gene was defined as significant methylation if they contained at least one significant CpG site.
Results
Our discovery cohort included 2,163 Framingham Heart Study Offspring cohort participants (55% women, mean age 67 years). Descriptive characteristics of the participants are provided in Table 1 .
Association of Clinical ∆age With Gene Expression
We identified 481 genes significantly associated with clinical ∆age at p < 2.8 × 10 −6 . In Figure 1 , we display summary effect sizes and p-values of all studied genes. A larger number of genes were positively associated (383) than were negatively associated (98) with clinical ∆age (Supplementary Table 1 ). The 25 most significant genes were all positively associated with clinical ∆age ( Table 2) . The most significant gene was WNK1 (p = 2.4 × 10 −24 ), which plays an important role in the regulation of electrolyte homeostasis, cell signaling, survival, and proliferation, and may be a key regulator ), which encodes ATP Binding Cassette Subfamily G Member 1 and is involved in macrophage cholesterol and phospholipid transport.
We also performed a secondary analysis by additionally adjusting for body mass index and smoking status. As shown in Supplementary  Figure 1 , the results were highly correlated with the primary model (R 2 = .86), suggesting that BMI and smoking had marginal effects on the association between gene expression and clinical ∆age.
To examine the effects of treatments for hypertension, diabetes and lipid disorders, we performed a sensitivity analysis by additionally adjusting for lipid-lowering, antidiabetic or blood-pressurelowering medications. As shown in the Supplementary Figure 2 , the results were highly correlated with the primary model (R 2 = .89).
Validation in Framingham Gen 3 Participants
All of the top results in Table 2 were directionally consistent and highly significant in the Framingham Heart Study Gen 3 cohort participants. Among the 481 genes, 415 were directionally consistent and significant after Bonferroni correction (p < .05/481 = 1.0 × 10 −4 , Supplementary Table 1 ). The effect estimates between the discovery cohort and validation cohort were highly correlated R 2 = .77 despite the difference in age in the two cohorts (Supplementary Figure 3a) .
Replication in the Rotterdam Study
We attempted replication of our significant findings in the Rotterdam Study, which included 414 participants with estimated clinical biologic age and gene expression data. The Rotterdam participants were younger (mean age 59 years), and reported more current smoking compared to the Framingham Offspring participants (Table 1) . Importantly, the Rotterdam Study used a different gene expression platform, so that only 366 of 415 validated significant genes were present in their gene expression platform. Results were available for 20 of the top 25 genes (Table 2) , all were directionally consistent Figure 3b) , and 5 genes were still significant after adjusting for multiple testing using the Bonferroni method (p < .05/366 = 1.4 × 10 −4 ).
Pathway Analysis
We also examined the enrichment of 415 validated genes in biological pathways. As shown in Supplementary Table 2 , only a single pathway, ubiquitin-mediated proteolysis, was significantly enriched with genes associated with clinical ∆age after adjusting for multiple testing (false discovery rate < 0.05). None of the remaining pathways were significant.
Network Analysis
The genes associated with clinical ∆age might interact with each other to create a complex interaction network. We thus performed network analysis and constructed a clinical biologic age related subnetwork. Given that the large number of significant genes associated with clinical ∆age, the network analysis used the top 25 genes as the seed genes, and investigated their interactions with neighboring genes, which previously showed good performance to identify important interactions related to inflammatory biological age (24) . As shown in Figure 2 , the subnetwork was comprised of 60 nodes and 98 edges, whereas each node represents one gene, and each edge represents the interaction between genes. Interestingly, the most significant gene, WNK1, is one of the pivotal nodes in the network, which interacts with 8 other genes in the subnetwork, including the second significant gene NEDD4L. Previous studies found that WNK1 and NEDD4L were both involved in the regulation of renal sodium absorption and blood pressure (25) , suggesting that the interaction between WNK1 and NEDD4L might play an important role in biological age.
Overlap with Genes Associated with Chronological Age
We also examined the overlap between genes associated with clinical ∆age and those associated with chronological age. Our previous study identified 1,497 genes associated with chronological age (26) . Among them, 38 (2.5%) were also associated with clinical ∆age. A lack of overlap between genes associated with clinical ∆age and chronological age (p = .53) may suggest that clinical biomarker changes occur with age rather than cause aging.
Enrichment of Clinical ∆age-Related Genes in Methylation Genes
We then examined if clinical ∆age-related genes harbored CpG sites that also were associated with clinical ∆age. We found 74 out of 415 validated clinical ∆age-related genes harbored at least one CpG site in which methylation was associated with clincial ∆age (defined as methylated genes). Among these 74 genes, the most significant CpG sites within 58 genes (78.4%) were negatively associated with clinical ∆age. We then performed a random permutation to assess the significance of overlap by creating one million gene sets, each containing 415 randomly selected genes. Figure 3 shows the distribution of methylation genes in these randomly matched gene sets. On average, each randomly matched gene set contained 48 methylation genes, and only 74 among one million gene sets contained equal or more methylation genes than that of clinical ∆age-related genes, representing an empirical p-value of 7.4 × 10 −5
.
Discussion
In the community-based Framingham Offspring cohort, we investigated the association of gene expression with a measure of clinical Figure 2 . Clinical ∆age-related subnetwork derived from protein-protein interaction. Each node represents one gene, whereas each edge represents the interaction between two genes. The nodes were colored to represent their association with clinical ∆age: red color represents genes that were positively associated with clinical ∆age, whereas green color represents genes that were negatively associated with clinical ∆age. The node size is proportional to the number of edges that the node connects to. biologic age in over 2,000 older adults. We identified and validated 415 genes, among which the majority demonstrate increased expression with greater clinical ∆age. In the Rotterdam Study, 104 of the 415 validated genes were directionally consistent and nominally significant. In addition, most of the 74 genes contained CpG sites that were negatively associated with clinical ∆age, suggesting DNA methylation might be an important mechanism to regulate clinical biological age. The strongest association for biologic age was in WNK1, a gene that encodes a protein that regulates blood pressure through control of sodium and chloride ion transport. Variants in WNK1 are linked to ambulatory blood pressures in general population samples (27) and to blood pressure severity in hypertensive families (28) . Interestingly, WNK1 is associated with increased risk for ischemic stroke even after accounting for blood pressure suggesting additional biologic mechanisms beyond blood pressure regulation explain the genetic association (29) . WNK1 is also involved in the human central nervous system with GABA signaling as well as other physiologic processes including epithelial transport, cell volume hemostasis, immune function, and cell migration (30) . In mouse models, WNK1 mutants are embryonic lethal due to heart and vascular developmental defects (31) . Thus, WNK1 may contribute to age-related disease and aging through multiple mechanisms.
ABCG1 had the strongest negative association, meaning that higher expression was associated with lower clinical biological age. ABCG1 gene is involved in macrophage and phospholipid transport and may regulate lipid hemostasis (32) . In animal models, the endothelial cholesterol efflux pathways mediated by ABCG1 are protective from atherosclerosis and associated with suppression of endothelial inflammation (33) . Longevity in humans is associated with higher numbers of protective alleles related to cardiovascular risk factors including lipid traits and blood pressure, supporting our findings (34) .
The ubiquitin-mediated proteolysis biologic pathway was the only highlighted biologic pathway enriched with genes associated with clinical ∆age. Genes in this pathway include DDB1 and CUL4A, a family of ubiquitin ligases involved in DNA repair and degradation of DNA damage-response proteins. Defects in DDB1 cause xeroderma pigmentosum complementation group E (XPE), an autosomal recessive disorder with hallmarks of early onset cancer and photosensitivity. DCAF4 (DDB1 and CUL4-associated factor 4) is associated with leukocyte telomere length (35) a known measure of aging. DCAF4 interacts with DDB1 and CUL4; DDB1 modulates the transcription factor E2F1, which, in turn, regulates cell proliferation and telomerase. The CUL 4 -DDB 1 complex has been reported to be involved in regulation of other key biologic processes such as stem cell differentiation and maintenance (36) and cullinbased ubiquitin ligases play a role in antiviral defense (37) .
Some but not all of our findings may have been related to the chosen components of the clinical biologic age construct, which included systolic blood pressure and total cholesterol. For example, our strongest positive (WNK1) and negative (ABCG1) discovery findings are genes implicated in the regulation of blood pressure and lipids respectively. However, WNK1 has roles in biologic processes that extend beyond blood pressure regulation. Importantly, clinical biologic age was associated with overall mortality, cardiovascular and cancer death, and incident cardiovascular disease and cancer events in our prior work (9) . A history of parental longevity, an endophenotype of aging, is associated with favorable cardiovascular risk factors, and diminished risk not only of cardiovascular disease but also of cancer and death (38) (39) (40) (41) . Importantly, genome-wide association study of parental longevity identified loci involved in inflammation, lipid metabolism, and cardiovascular diseases (42) .
Our study has several limitations. Participants were middle-age to older adults of European descent; therefore, our findings may not be generalizable to premature mortality and other racial/ethnic groups. The clinical biological age was calculated from Offspring participants (mean age 67 ± 9), which might reflect changes in biomarkers only at older ages. Therefore, we also computed clinical biologic age in a combined sample of Offspring and Gen participants across a wide age range. As shown in Supplementary Figure 4 , the ∆age using Offspring only (original calculation) and ∆age using the combined Offspring and Gen 3 participants (which had a much wider age range) was highly correlated (R 2 = .92, p < 2.2 × 10 -16 ), suggesting limited effect on clinical biological age calculation due to differences in age of study sample. Our clinical biological age measure included six clinical biomarkers, a subset of previously reported measures of biologic age (7). It is possible that an estimate of biologic age with all the clinical biomarkers may identify additional genes. Furthermore, it is unclear whether use of all biomarkers in a composite measure rather than a subset would make identification of genes with individual biomarkers less likely. Gene expression was measured from whole blood, which contains a variety of cell types and could have cell specific responses. The cell counts were only measured in 2,181 participants, whereas cell counts for the remaining participants were imputed from gene expression data, which introduce some variation to the results. Our study was limited to association analyses, and we cannot infer causality between clinical ∆age and gene expression. The clinical biomarker signature occurring with aging is meaningful in predicting health outcomes (9), however, further work is needed to determine if the biomarker changes cause aging or are a result of increasing pathology with age. In addition, the clinical ∆age and gene expression was measured at one examination time point, therefore we cannot comment on longitudinal variation in the relations between gene expression and clinical ∆age, and the potential for misclassification by focusing on a single time point ascertainment of phenotypes. Finally, further replication of our results in additional independent samples is needed. The modest sample size and population and platform array differences in the replication cohort may have hindered our ability to more definitely replicate our findings in a second cohort. Our study also has strengths that merit comment including the community-based samples and routine ascertainment of the biologic age phenotypes and the RNA expression transcripts.
In conclusion, we took a hypothesis-free approach to study transcriptome-wide profiling with clinical biologic age in a large carefully characterized cohort and identified and validated 415 genes that were significantly associated with clinical biologic age in a large community-based cohort. Future functional characterization of the identified gene network may enable the development of preventive strategies or therapies for aging or age-related diseases enabling a longer healthspan.
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